A high density of shops and services near the workplace may make it easier to carry out personal commercial activities on foot before, during, and after work, enabling reduced vehicle use during the rest of the day. Investigating this question is an important addition to the current research, which has focused on residential neighborhoods. Data from the 1995 Nationwide Personal Transportation Survey are used to investigate the influence of workplace employment density and share of retail employment on commute mode choice and vehicle miles traveled (VMT) to access personal commercial activities. The analysis controls for socioeconomic characteristics and accounts for the endogeneity of commute mode choice and personal commercial VMT by employing a joint logit-Tobit model. Employment density at the workplace is found to be associated with a lower likelihood of automobile commuting and reduced personal commercial VMT, while the presence of employment in the retail category does not play a significant role. Workplace density is more clearly related to reduced VMT and automobile commuting than to characteristics of workers' residential neighborhoods and could have significant influences on personal commercial VMT and automobile commuting when increasing over a large area. The results suggest that land use planners should focus on encouraging employment density to a greater extent than is the current practice, although further research is needed on the role played by correlated factors such as higher parking costs, increased road congestion, and better transit service.
A high density of shops and services near the workplace may make it easier to carry out personal commercial activities on foot before, during, and after work, enabling reduced vehicle use during the rest of the day. Investigating this question is an important addition to the current research, which has focused on residential neighborhoods. Data from the 1995 Nationwide Personal Transportation Survey are used to investigate the influence of workplace employment density and share of retail employment on commute mode choice and vehicle miles traveled (VMT) to access personal commercial activities. The analysis controls for socioeconomic characteristics and accounts for the endogeneity of commute mode choice and personal commercial VMT by employing a joint logit-Tobit model. Employment density at the workplace is found to be associated with a lower likelihood of automobile commuting and reduced personal commercial VMT, while the presence of employment in the retail category does not play a significant role. Workplace density is more clearly related to reduced VMT and automobile commuting than to characteristics of workers' residential neighborhoods and could have significant influences on personal commercial VMT and automobile commuting when increasing over a large area. The results suggest that land use planners should focus on encouraging employment density to a greater extent than is the current practice, although further research is needed on the role played by correlated factors such as higher parking costs, increased road congestion, and better transit service.
Many urban planners want to facilitate high-density, mixed-use land development to make alternative transportation modes more attractive. The theory is that higher development density and reduced segregation of land uses should reduce the distance between the location of activities that require travel. In turn, shorter trips are thought to be more likely carried out on foot or via transit. Urban planning policies intended to effect denser, more mixed development include relaxation of parking requirements, so-called density bonuses, minimum floor-to-area ratio requirements, and transit-oriented development programs.
This research investigates the relationships between the built environment characteristics of the workplace, worker commute mode choice, and workers' use of personal vehicles to carry out personal commercial activities. Shops and services near the workplace may make it easy for workers to carry out activities on foot before, during, and after the workday, such as buying flowers or gifts, taking clothes to the dry cleaner, visiting the dentist, going out to lunch, and catching a movie after work. Those who take advantage of this pedestrian accessibility may travel fewer vehicle miles to carry out such activities during the rest of the day.
Workers who have a car available at the workplace are probably less likely to patronize nearby shops and services. At the same time, the choice of whether to drive to work may be conditioned on the availability of those shops and services. Understanding this interrelatedness is important for planners who claim that particular land use policies have positive transportation system benefits.
Because workers make relatively few discretionary trips on workdays, the potential impact of workplace land use on travel behavior might be thought to be minimal. But there are two important reasons to investigate the relationship.
First, it may be pragmatically and politically more acceptable to change policies in primarily nonresidential areas, because the users of those areas may have fewer complaints about more intense development than residential users typically do. Furthermore, in employment clusters of large cities, existing policies may significantly constrain development density.
Second, researchers can have greater confidence in analysis that focuses on how the built environment at the workplace affects travel. People who prefer to use alternative modes may choose to live in dense mixed-use neighborhoods, which are often more walkable and have better access to transit. If so, typical regression methods relating their travel behavior to residential land use characteristics will have results that must be interpreted with a great deal of caution (1) . But workers are less likely to choose their jobs based on workplace land use characteristics. Thus, any relationships found in such analysis can be interpreted with greater confidence that they represent the independent effects of land use, instead of self-selection effects.
PREVIOUS RESEARCH
Much of the recent research on urban form and travel behavior has focused on the question of whether people living in dense, mixed-use neighborhoods with traditional street grids make fewer trips by private automobile (1) (2) (3) (4) (5) . Recent improvements in this line of research have included correcting for endogeneity of the residential location decision and the tendency to use a car for trips (5, 6) and including trip speeds and distances as explanatory variables in a two-stage leastsquares procedure (7) . There has been relatively little recent research on how workplace land use affects travel behavior other than a study showing that commute mode choice can be affected to a modest extent by workplace transportation demand management programs and site-specific land use mix (8) .
Age, sex, race, education, income, and household life cycle (e.g., presence of children in the household) have been found to be associated with particular patterns of mode choice and total travel (9) (10) (11) (12) (13) and are included in this analysis. Including information on recent immigrant status (14) and parental status (9) is not possible with this data set.
The analysis presented here varies in other ways from earlier research. First, the focus is narrowed to personal commercial travel, which should be more directly related to the accessibility of commercial activities than other types of nonwork trips. Second, the analysis accounts for the simultaneity of commute mode choice and day-long participation in personal commercial activities, while correcting for the fact that the dependent variable is left-censored.
DATA AND SAMPLE SELECTION
The data set is drawn from the Person and Travel Day Trip files of the 1995 Nationwide Personal Transportation Survey (NPTS). The initial data set consists of 34,560 workers with complete work periods and complete mileage information. Within this group the test sample is restricted to those who identify themselves as drivers (95% of the sample), have at least one car available for every driver in the household (85%), and state that transit service is available near their residences (64%). These restrictions are intended to substantially increase the likelihood that each individual included in the analysis has a complete set of mode choices for the commute. Also, respondents in the upper 1% of personal commercial vehicle miles traveled (VMT) (greater than about 50 mi) are excluded. Based on an inspection of the data set, the reporting appears to be error-prone for outlying values.
The omission of individuals who report that bus service is not available deserves comment. The omitted group may contain many who are ignorant of bus service, perhaps due to a strong preference for driving. However, comparing values of the independent and dependent variables before and after dropping these individuals does not reveal any obvious selection bias. Differences between the initial sample and the truncated estimation sample are presented in Table 1 . Table 2 presents the mean and variance of the independent variables in the estimation sample for respondents who drove to work and those who did not. Those who drove to work averaged almost a mile more per day in personal commercial VMT, and their average workplace density, at about 6,000 workers per square mile, is far lower than the nondriving group average of 14,500 per square mile.
METHODOLOGY

Definition of Personal Commercial VMT
Personal commercial VMT is defined as the number of miles traveled in a personal vehicle for personal commercial purposes. The category includes shopping (over half the total), medical/dental, going out to c Variable calculated using activity duration ("dweltim2") and trip purpose ("whytrip95") data from Travel Day Trip File.
Bold type signifies exogenous variables used only in the logit equation (step 1 of model 2). All other variables are used in both equations.
b Personal commercial trips defined as NPTS trip purposes "shopping," "medical/dental," "going out to eat," and "other social/recreational." Variable calculated using "trpmiles" and "trptrans," variables in NPTS Travel Day Trip file.
a Car accessibility defined as one or more personally owned vehicles per driver in household. Bus accessibility defined using "bus_avl" variable in Travel Day Trip File (nonresponses also dropped).
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Independent Variables for VMT Models
Independent variables for the VMT models are presented in Table 2 . The test variables are workplace census tract employment density and share of retail employment. In the NPTS, this information is represented categorically. Here, the information has been recoded at center points of the categories and treated as a continuous variable. Similarly, three variables proxying land use at the residential location are included: block group housing unit density, employment density, and share of retail employment. Control variables include sex, age, race/ethnicity, household income, education, household size, and dummy variables indicating whether the household has only one adult and whether children under age 17 are present. The distance from the residence to the workplace and the amount of time spent at work are also included.
Increased distance to the workplace is expected to increase the relative convenience of an automobile for the commute and hence the likelihood that an automobile will be used both for the commute and for carrying out personal commercial activities. By reducing discretionary time, the length of the work period is expected to decrease the amount of personal commercial activity and hence personal commercial VMT.
Treatment of Missing Data
Like most data sets, the NPTS lacks complete responses for some variables. To account for respondents with missing information, instead of merely deleting cases from the analysis, the missing indicator method is used (15) . A dummy variable, created to indicate missing values for each relevant variable, is set equal to 1 for respondents missing the data and to 0 otherwise. This procedure is followed for household income [represented by the variable (incomez)], workplace land use characteristics (wtempz), and residence area land use characteristics (hbtz). The problem is most extensive with the workplace census tract employment data, with missing values for 26% of the estimation sample (see Table 2 ).
Additional Variables for Car Commuting Model
In addition to the independent variables used in the VMT models, variables are included in the model for whether a motorized vehicle was driven to work. First, race and Hispanic status are included. These characteristics are typically seen as directly related to automobile use even when controlling for income (16 ) . However, in some accounts, once automobile ownership is controlled for, race effects disappear (17 ) . In initial testing, the race variables were not strongly related to personal commercial VMT, but African American status was negatively related to the likelihood of driving to work even when controlling for transit access. Therefore, the race variables were included as exogenous variables, reflecting the hypothesis that cultural differences for which racial/ethnic status is a proxy affect commute mode preferences.
Second, a variable denoting the number of cars per driver in the household is included. Recall that the sample is restricted to those in households with at least one car per driver. The car per driver variable thus can be interpreted as indicating a household taste for cars instead of strictly as an indicator of access to the automobile mode.
Finally, four other variables relating to transportation infrastructure are included to model the commute mode choice: whether the individual must pay to park at work (7% of the sample); a dummy variable indicating that the nearest transit stop is more than 2 mi from the residence (17%); distance to the nearest transit stop (whether bus, streetcar, commuter rail, or subway) for stops within 2 mi of the residence; and a dummy variable indicating whether streetcar or subway service is reported available, which may indicate a higher-quality metropolitan transit system (9%). The transit system variables are plausibly exogenous to personal commercial VMT because transit is rarely used for personal commercial trips; the primary hypothesis is that dense, mixed-use workplaces enable walk trips to be substituted for driving trips.
Hypothesis Testing
Two methodological complications arise in testing the relationship between workplace land use and personal commercial VMT. First, only 52% of respondents on the survey day drive to access personal commercial activities (Figure 1 ). Because time is likely to be scarce on a workday, there is a latent tendency to conserve time by traveling less for other purposes. At its maximum, this tendency can be expressed only by not traveling at all. As a result, the dependent variable, personal commercial VMT, is left-censored, and estimating an ordinary least-squares model on the sample will yield biased estimates. Second, an important predictor of personal commercial VMT by workers is whether a car was used to commute to work. However, for workers with access to cars, the decision to commute to work in turn depends on the planned extent of participation in personal commercial activities and the anticipated location of those activities ( Figure 2) .
The analysis addresses these complications by two approaches. To correct for a biased error term due to the censored dependent variable, a Tobit regression is used. To account for the simultaneity of the commute mode choice and personal commercial VMT, a selectivity correction approach, essentially equivalent to two-stage least squares, is also used. These approaches have rarely, if ever, been used together in the academic literature.
For the purpose of illustration, a straightforward Tobit model is estimated first, in which personal commercial VMT is specified as a function of the independent variables. The Tobit is used to account for the fact that the dependent variable is left-censored. Second, a joint logit-Tobit model is estimated, in which personal commercial VMT and the choice of whether to drive to work are understood as simultaneous, following the selectivity correction procedure in Train (18) . By including this term in the Tobit model, it is corrected for endogeneity. The procedure is similar to that followed by Giuliano and Lave (19) .
Simple Continuous Model with Tobit Correction
The first model can be thought of as two separately estimated equations on each of two subsamples: those who did not drive to work, and those who did. The dependent variable y is personal commercial VMT. The model can be represented with an equation for each subsample:
where y nca and y ca = vectors of dimension 1 by n nca and 1 by n ca , respectively; n ca = subset of individuals who drove to work; n nca = subset who did not drive to work; X s = an n s -by-k matrix of k independent variables for n s individuals; β = vector of coefficients to be estimated; α ca = fixed effect of having a car available at work on personal commercial VMT; and ⑀ s = vectors of normally distributed error terms with each term equivalent, under the identically and independently distributed assumption.
This model can then be represented in a pooled form:
where y = vector of dimension 1 by m formed by stacking y ca and y nca (where m = n ca + n nca ),
⑀ = vector of dimension 1 by m (⑀ ca and ⑀ nca are stacked to make ⑀ of dimension 1 by m) (and ⑀ ca is assumed to equal ⑀ nca for all n), and Z = m by (k + 1), composed of X ca and X nca plus a column vector consisting of a dummy variable set equal to 1 for those who drove to work and 0 otherwise.
This censored dependent variable requires estimation with censored regression techniques. The Tobit regression can be carried out with the following form (20) in which i is an observation subscript:
The ratio in the second term can be estimated by using a separate probit regression to get values of ϕ i and Φ i , which are the normal probability density function and cumulative density function, respectively, evaluated at γ′z i /σ.
The dependent variable in the probit is a dummy equal to 1 if personal commercial VMT is 0 and equal to 0 if personal commercial VMT is positive. The independent variable is the same vector used in the ordinary least-squares (OLS) equation, whose coefficients are equal to γ/σ. Equation 3 can then be estimated as an OLS regression in which σ is a coefficient.
Stata's "Tobit" command is used to estimate σ. This preprogrammed routine uses a maximum likelihood procedure (21, pp. 138, 145, 146), which is asymptotically equivalent to estimating Equation 3 by ordinary least squares but is more efficient.
Joint Discrete/Continuous Tobit Model
The joint model is sequentially estimated as follows. First, a logit regression is calculated with a dependent variable equal to 1 if the individual drove to work and 0 otherwise. The logit model uses all the independent variables used in the VMT model as well as a number of additional independent variables, as explained in an earlier section.
In the second step, a selectivity correction term, E(⑀ s ), is added: where σ 2 = variance of ⑀, ρ ca = mutual correlation of car ownership and miles traveled with unobserved characteristics of the person, and P ca = probability of driving to work.
In the binomial case, E(⑀ nca ) is a symmetric expression with the preceding (18, p. 4), and ρ nca is just 1 − ρ ca .
The term in brackets is calculated by using estimated probabilities from the logit model and is therefore stochastic, but it is treated as a nonstochastic independent variable in the estimation of the next step. Therefore, the reported standard errors will be too small.
Similar to the simple continuous model, the data are pooled as follows:
In the pooled sample, the bracketed term in Equation 5 varies depending on which subsample the individual belongs to. Following Giuliano and Lave (19, p. 158), this selectivity correction term (SEL) can be written as follows:
where C is a dummy variable set equal to 1 for individuals in households with at least one vehicle per driver and 0 otherwise.
Then, where ζ is the coefficient to be estimated as part of Equation 6 , equal to the term outside the brackets in Equation 5 . The final addition to the model is to add a term reflecting the correction for left-censoring of the dependent variable. The resulting equation has two correction terms: the selectivity correction term that accounts for the simultaneous choice of whether to drive to work and how much personal commercial travel to carry out by car, and the term correcting for the censored dependent variable: Equation 9 is estimated by using Stata's Tobit command.
Test of Robustness of Selectivity Correction Approach
The selectivity correction approach is unbiased but inefficient because it is sequentially estimated. Its robustness can be determined by assuming that the true model is not endogenous and testing whether the approach might incorrectly support the null hypothesis. This was
done with a Monte Carlo simulation: setting the coefficient on SEL equal to zero; using other coefficients from the empirical model to predict automobile ownership and personal commercial VMT; calculating estimates of the empirical mean and standard deviation of ζ, the coefficient on SEL; and testing whether the calculated coefficient was significantly different from zero. For a sample of 20 replications, the estimated empirical mean was −0.24, with an estimated standard deviation of 0.32, yielding a t-statistic of about 0.67. Thus, the coefficient is not significantly different from zero with any level of confidence for this sample. With a sample of 50 replications, the estimated empirical mean was −0.36, with an estimated empirical standard deviation of 0.363, yielding a t-statistic of about −1.0, again statistically indistinguishable from zero. The results of the test support the finding that the choice to commute to work by car and the amount of personal commercial VMT are simultaneously determined. of statistical significance but with relatively modest magnitude. The coefficient of −0.05 means that each additional 10,000 employees per square mile in workplace density (an addition of about 15 employees per gross acre) is associated with an average half-mile reduction in personal commercial VMT per capita. Although the share of retail at the workplace is also negatively related to personal commercial VMT, the relationship is weak and not statistically significant.
MODEL RESULTS
Other variables in the model have the expected signs. Higher residential density decreases personal commercial VMT: every additional 1.5 housing units per gross acre (1,000 units per square mile) is associated with a 0.2-mi reduction in personal commercial VMT. However, neither employment density nor the share of retail in the residential census tract is related to personal commercial VMT in a statistically significant sense. Total time spent at work and the presence of children in the household are both associated with reduced personal commercial VMT, suggesting that reduced discretionary time for such activities may be a cause. By the same token, individuals in one-person households, with fewer household responsibilities, travel significantly more for personal commercial purposes than others. Higher income increases personal commercial VMT, with a declining increase reflected in the significant coefficient on the income squared variable (income2), while those living in older households have lower personal commercial VMT. Finally, women drive farther than men for personal commercial purposes, which is generally consistent with literature relating gender roles to household responsibilities.
The joint logit-Tobit model is presented in Tables 4 and 5. Table 4 presents logit regression results from the commute choice stage. The dependent variable is a dummy variable set equal to one for those who drove to work. Two of the instruments have an individually significant effect on the likelihood of driving to work: subway/streetcar availability (rail) significantly decreases the likelihood, and, unexpectedly, having to pay to park (paypark) is correlated with an increased likelihood of driving to work. Most of the highly significant variables in the continuous model also are important in the second model; clearly, there is reason to believe the choices are endogenous. Table 5 presents results for the second stage, incorporating the selectivity correction term in a Tobit regression on personal commercial VMT. Taken together, the results from Tables 4 and 5 are instructive, pointing to two separate effects of workplace density.
First, workplace employment density is associated with a lower likelihood of car commuting, as reflected in the coefficient on wtempldn in Table 4 , which suggests that each increase of 1.5 employees per gross acre (i.e., 1,000 employees per square mile) at the workplace decreases the probability of using an available car for commuting by about 3%.
Second, as indicated in Table 5 , workplace employment density is associated with reduced personal commercial VMT regardless of whether a car was used to commute to work. The corrected VMT relationship is half as strong as that found by the uncorrected Tobit approach: an increase of employment density of 15 employees per acre (10,000 employees per square mile) reduces per capita personal commercial VMT by 0.25 mi. Apparently, much of the influence of employment density on personal commercial VMT is actually indirect, mediated by its effect on the choice of whether to drive to work. For the same reason, the coefficient on D (equal to 1 for those driving to work) has increased a great deal in comparison to Table 3 , up to more than 9 mi per day, reflecting the fact that several influences of independent variables in the VMT model are mediated through commute mode choice.
A similar effect occurs for housing density on the residential side. An additional 1.5 units per gross acre (1,000 units per square mile) is associated with a 12% lower likelihood of car commuting, but the direct effect of residential density on personal commercial VMT is statistically indistinguishable from zero. This is a very interesting result-it suggests that residential density may be more important in determining commute mode choice than in directly influencing overall personal commercial VMT, at least on workdays.
Note that the pseudo-R 2 statistic for the VMT models is extremely low, at about 0.01. Because travel behavior is largely idiosyncratic and can vary a great deal on a day-to-day basis, this is not altogether surprising.
Finally, respondents missing data on workplace land use and household income are systematically different from the rest of the sample. Individuals with unreported workplace land use data (wtempz equal to 1) are substantially more likely not to use a car to go to work, and those refusing to report their income travel substantially more miles for personal commercial purposes (see Tables 3 and 5 ). This describes a caveat with the data set that would go unreported if those cases were simply deleted, as is the current practice, and suggests a need for further research, as discussed in the following section. 
CONCLUSIONS
Compared with a simple continuous model, the joint discrete-Tobit model provides a better understanding of how employment land use affects personal commercial VMT. First, higher employment density is associated with a lower likelihood that a worker will drive to work, which in turn is associated with lower personal commercial VMT. Second, workplace density is also directly associated with reduced personal commercial VMT, regardless of commute mode choice. These effects are modest but highly significant in a statistical sense, and there is little reason to suspect that the result is an artifact of a selfselection process, both because the workplace instead of the residential location is the subject of investigation, and because all workers in the data set have at least one car per driver in their households. The net effect over a large number of individuals in a city is likely substantial. Assume that a 1-mi 2 area of a city contains 5,000 employees. The analysis suggests that an increase in density of about 3,000 employees in this area would be associated with a 9% decrease in the automobile commute mode share and a reduction in personal commercial VMT of a bit more than a mile per day per worker, or almost 9,000 VMT per day-without even accounting for lower VMT from reduced automobile commuting. There may be concomitant increases in personal commercial VMT on weekends or by other household members, phenomena that are not investigated here. Nevertheless, if nothing else, this research strongly supports the notion that urban planners should pay attention to the characteristics of downtowns, job centers, and other primarily nonresidential parts of urban areas, because planning policies in such areas may have stronger influences on mode choice than residentially based interventions.
The results also suggest that residential density is correlated with transit and walking convenience for the commute but does not directly influence personal commercial VMT. However, because the model does not correct for the potential endogeneity of residential location choice, residential density, and commute mode choice, the relatively large effect of the relationship with commute mode choice is probably overstated.
Retail share, intended as a proxy for mixed-use development, does not enter significantly into the model on either the workplace or the residential side. Two possible explanations for this finding come to mind. First, the retail employment share may be a poor measure of accessibility of activities at the workplace, particularly if very high concentrations of retail shops drive out nonretail activities that might be more valued by workers during the work day, such as restaurants, banks, and dry cleaners.
Second, the strongest effects of development density may not be related to increased accessibility of activities via walk and transit. Instead, other forces may be at work. A number of researchers in this area have noted that development density in analysis of this sort may be a proxy for unobserved variables such as metropolitan-wide transit and walking accessibility, high road congestion, and high parking costs (22) . Parking availability has been argued to be a particularly important determinant of travel choices (23) . Because most of the high-density workplaces in the sample are in places like New York and Chicago, where these characteristics are likely common, such a correlation may be at work in this data set. If so, this analysis suggests that urban policies to relax density constraints in primarily nonresidential areas are likely to be most successful when accompanied by concomitant changes in those associated factors.
SUGGESTIONS FOR FUTURE RESEARCH
As noted, the significant relationship found between workplace density and personal commercial VMT may be partially due to factors correlated with, or even caused by, nonresidential development density. This suggests several important research questions for further examination. First, to what extent is workplace development density associated with higher parking costs, better pedestrian walking environments, higher-quality transit, greater road congestion, or other possible influences on travel? Second, assuming such correlations are strong in U.S. cities, to what extent do these factors account for the apparent downward influence of employment density on VMT? Finally, to what extent can one expect the lifting of planning constraints on nonresidential development density (such as minimum floor-to-area ratio requirements) to result in increases in employment density along with these correlated factors?
Because the NPTS lacks an explicit spatial component, it is impossible to enrich the data set with additional spatial information below the metropolitan statistical area level. Replicating this research by using regional travel diaries is essential to understanding the relationships more deeply, although some results are likely to be region specific. For example, this could make it possible to include all individuals in the data set with nearby transit access, not relying on respondents to accurately report such availability.
Finally, the treatment of missing data in this analysis indicates a larger problem with previous analysis of this sort that could be addressed in future research. The missing indicator method reveals that deleting respondents without complete income or workplace information would significantly bias the results. More sophisticated methods, such as data imputation, are preferable when the missing indicator method shows that subgroups with missing information appear to be different in some way (24, 25) . Such treatment of missing data should be an integral part of the future analysis of travel data sets and apparently has rarely been considered to date.
